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Fig. 1 Spatial feature extraction network structure
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Fig.2 Spectrum feature extraction network structure
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Fig. 3 Space-spectrum joint feature extraction network
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B o
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(a) Schematic diagram of spectral image of pigment plate at 660 nm (b) Pigment three-color diagram
CRREZE S T
Fig. 4 Multispectral pigment board
F1 SHIEHERBNGEMNRER S
Table 1 The division of training set and test set of multispectral paint board
Class number Class name Training Test
1 Chrome yellow 246 2214
2 Orpiment 248 2232
3 Garcinia 257 2313
4 Head green 251 2259
5 Four green 249 2160
6 Head cyan 255 2295
7 Cerulean 261 2349
8 Four cyan 264 2 376
9 Lazurite 236 2124
10 Crimson 251 2259
11 Scarlet 249 2241
12 Cinnabar 243 2187
13 Ocher 247 2223
14 Vermilion 239 2151
Total 3496 31 383
(a) Schematic diagram of optical spectrum image at 660 nm (b) Self-made mural true color image

H5 B#lENET

Fig. 5 Self-made mock murals
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Fig. 6 The training results of different methods under the paint board
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Table 2 Classification accuracy of different methods under pigment board

Class LSTM CNN SSJF
Chrome yellow 97.88 99.10 99.77
Orpiment 97.46 98.21 98.17
Garcinia 96.45 98.27 97.97
Head green 96.37 99.34 99.56
Four green 98.52 99.63 99.82
Head cyan 96.27 98.57 99.26
Cerulean 98.64 99.58 98.26
Four cyan 94.82 96.93 97.42
Lazurite 99.85 99.87 99.95
Crimson 94.57 99.25 99.94
Scarlet 93.59 97.24 97.42
Cinnabar 99.22 99.75 99.95
Ocher 98.25 99.37 99.82
Vermilion 99.81 99.58 99.81
OA/% 97.28 98.94 98.99
Kappa <100 97.07 98.86 98.91
100 | mLST™M
e, %7 el
I mwvy® Chrome yellow
< ] i
s B = 3 ey
Y = & ' m Head green
£ I A s
8 | " m [ | = Cerule;/n
<<.):> 96 M Four cyan
M Lazurite
- M Crimson
L ™ M Scarlet
M Cinnabar
94 M Ocher
| M Vermilion
EEEEIEEEEEIRLE
TECHRSEORESESE
c5C3583883575 5
g o 2 @ o = >
=
O

H7 BRR,XER
Fig. 7 Color board classification results
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SAM 43 K255, 5 SID 43 2845 AL €1 8(d) S SVM 43 2K 25 5 IR b T LA H B ORS00, 3% 4R
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2 WA 5 M L7 (Peak Signal to Noise Ratio, PSNR) 145 #4 41 {6 #: 7 ( Structural Similarity Image Metric,
SSIM) ,

(e) Convolutional neural network (f) Long short-term memory (g) Space-spectrum joint feature

HS ARy ZEAMEB THHELER
Fig. 8 Classification results of different methods under self-made murals
X WM Tk G R T R WL 5 ST oy R IEAT AT 23, 0 B 7Y A SO R4 BIE T BE AR O B K

AT H 2N G, 310 NFEAT PP, 402 S AL B2 2 o R RORIBCRE 03 73 Gk Xk LU 43 26 25 SR R L 1], WL
T DU PR 1 23 2R 85 5 MR 4 3% 3 IRMR BT e 5 Z0PT- 73 3R, 15 1 o I P18 % Joit d 55 20, TAN 45 2R 4 4, MIDC
M Very bad, SID i Poor, SAM 1 SVM ¥}y Generally, MSCNN I LSTM 3}y Better, SSJF “& Very good , H
FAA, AR O RCHAB S 1, SSTF 1Y 73 2R 45 R ABLhF .
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Table 3 Comparison of the scales of subjective image evaluation

Level Absolute measurement scale Relative measurement scale
1 Very good The best in the group
2 Better Better than the average in the group
3 Generally Average in the group
4 Poor Worse than the average in the group
5 Very bad Worst in the group

R4 WRHBGIREENTNER

Table 4 Evaluation results of dual stimulation injury classification method

Algorithm Result
MDC Very bad
SID Poor
SAM Generally
SVM Generally
MSCNN Better
LSTM Better
SSJF Very good

X 46 A1k 4325 45 Rl RMSE \PSNR 1 SSIM #4172 WA , H i RMSE b WU {8 5 5 92 H M 22 /9 F
J7 5 WL B H AR B9 5 AR, AR RN 3R 2 N | B I L S s PSNR R 15 5 B K 1T RE I R A2
1K) 32 7 A 1 B TR A e 7 o 3R A JE B v U W 5 i PR A 5 435 4 AR A P SSTMEL 26 37 T 1% 110 4%
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Table 5 Objective evaluation results of image quality

Evaluation index

Algorithm
RMSE PSNR SSIM
MDC 39.84 16.12 0.768 8
SID 28.11 19.15 0.887 1
SAM 22.49 19.15 0.894 4
SVM 30.93 18.32 0.864 2
MSCNN 27.81 19.25 0.8339
LSTM 19.82 22.19 0.880 2
SSJF 2.84 39.06 0.987 4

B 6 N AN TR 3 0 1 AR ABURE i ) 43 2R BE X EE 5 LSTM A CNN A B, SSTF X A — 28 5 BURHAY 43 26
WERAE 20 4R T 0.11~8.22 F10.09~7.12, H OA Fl Kappa % LSTM #£7% T 1.42 F10.024 3,4 CNN & T
1.29 F10.022 1, %5 b, 25 35 B G e A N 4% B 8 0 7 3Gl % 498 5330 1%, OA il Kappa £ %1043 51 2 99.97 %6 Al
0.999 5.

F6 FREFEEHEMEELHEIEE

Table 6 Classification accuracy of self-made simulated murals by different methods

Class MDC SID SAM SVM LSTM CNN SSJF
Vermilion 92.23 93.36 95.96 99.38 99.36 99.38 99.47
Chrome yellow 91.37 99.92 99.91 98.97 99.86 99.94 99.97
Four green 93.30 93.24 99.61 98.87 97.63 92.88 100.00
Three green 88.53 98.70 99.85 73.42 91.70 93.89 99.92
Lazurite 82.50 94.64 90.01 98.28 99.23 99.63 99.97
Head green 40.95 66.38 70.34 97.59 95.99 98.18 99.78
OA/% 69.36 97.75 97.54 98.41 98.55 98.68 99.97
Kappa <100 46.92 94.45 93.96 97.47 97.52 97.74 99.95

MIEL O BTN, 25 1 3K A RR A X 28 (SSTF ) 1 AA0RS Bf 5 40 /85 % 40 B T 22 0 3% RS 43 25 07 ik, OF B X 4%
A BB ZERE 10 e AR ARIA B T 99% LA I, Kappa & %0 (Kappa X 100) 3k ] T 99.95, A xF T HoAth 4 2%

W MDC
100 % L 4 ¥ & 4 ’ ® SID
) - ® A SAM
L u ! A SVM
LSTM
- S
o JF
c\\° 80
2 L v A
e ®
3
3 L
2 60
40 F ]
= z = = Q =
£ 3 3 3 E g
g 5 5 5N 3 S
E < = 5 3 <
= ¢ 2 2 T 5
S = =
=
(@)

Ho p#lEEsERER

Fig. 9 Self-made mural classification results
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S, SSIF S B T AR Sk 0 40 2RORS
23 EXLEBESNIERGHESFT

HA L 1 R i A5, P T2 B 0 A AR i, SR i T 10 AT 2 X U Sl AR A R
M) s T Xk R O 22 01 T PR 0 A 2 M R R v 4 A B S RE IR T T S A A A R R S e A 4 A — IR
PR 38 o 25 3 A 1) 3 o DX, n 1] 10 B o, Tl o 2 A Ay B o s 25 2 LR IR, A I Sk 735 43 1) 16 3 3l
TR . 5 H CCD 2615 A LA 8 PR 55 R 48 BE il 225635 IR R 43 6 o0 R X B b B i 3F 17 223 18 1%
A5 A T PR AEAC R B bR RE I 7E DR 00 RS K T A A 45 S8 U S A R AT
I HE 45 FE %43 3K M 400 nm #] 940 nm 1 16 3 i 19 2615 KM% .

Spatial dimension

H10 HEEREFETHL I6EYE F HiEH
Fig. 10 16-channel multispectral image of Venerable Injanta’s skirt

K11 Ca) IR AR AS 18] 11(h) 73 2R 45 3¢, 16 B IA 3 B %5 25 4 1 &8 20 vh ROTL A ROT2 DXCIAT S 3 ke
A SRV 19 25 35 K B R AR ASE L 0 R A, 75 1 0 2 45 2R O AR v BRI 2E AT 0T LE . SRR 4 R R BT,
25 ABIRA FR AR ) 45 43 28 D7 W A b A T BURERP S, LSTM H i Tanh R B0 O AR Ze PE OGS RRAE , 18/ 1
AELRAEXS 73 2K B R W, EL LSTM fiff gk 1 S 1) A% 6 B BE7™ Az 9 6 2 11 2R R 2 8 A 1) ) AL, 2 iy 17 9%
WA T 23 JEROR TR E CNIN R Re LU bR 5 A5 AIE PR e S5 30 A Ze 22 18], s 17 190 286 )1 2 ) 3 2 e
%7 BE ) 22 O 1% AH S8R TT Z 6] Y AR DG 1, 3 1R AL AR LR MERRIE 1 R IR RE ) o ONIN PR i i 4 Je S 8t =2
BL RIS T R 2 0 I 25 S PRl 80 28 A Jm Fie /DN o o TR] I AR SR 8 23 335 BK 5 AR AT 10 28502 52 A HR Aol
28 70 40 M2 52 LB A R A, B ALL A i R B Ak B R B LR T S IR S AR TR B N A R BE T 2 O 1

B

(a) Original image (b) Classification result
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Fig. 11 Partial region samples and classification results of skirts
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Pigment Classification Method of Mural Sparse Multi-spectral Image
Based on Space Spectrum Joint Feature

WEI Daoquan', WANG Huigin', WANG Ke', WANG Zhan’, ZHEN Gang’
(1 School of Information and Control Engineering, Xi'an University of Architecture and Technology,
Xi'an 710055, China)
(2 Shaanxi Provincial Institute of Cultural Relics Protection, Xi'an 710075, China)

Abstract: Murals are treasures in the long history of Chinese culture. It has high research value in history,
science and art. Pigment is the material carrier of the main form of mural expression. Simultaneously, it is
also an important part of murals. After a long period of disease and corrosion, the surface of the mural may
be damaged to varying degrees, making it difficult for researchers to distinguish the type of pigments in the
murals. The accurate identification of pigments is the premise of conservation and restoration of cultural
relics. The traditional method needs to take samples from the murals, which will cause irreversible damage
to the murals. In this paper, multispectral imaging technology and deep learning related classification
algorithm are used to analyze and identify the pigments in mural multi—spectral images to assist researchers
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in mural identification and cultural relic restoration. Rich spatial and spectral information is included in
mural multispectral images. In traditional algorithms, spatial or spectral information is used as a feature of
mural multispectral image classification. This method leads to low classification accuracy of mural multi—
spectral image. In order to improve the classification accuracy of mural multispectral images, the deep
learning algorithm is used in this paper, which can make full use of the spatial and spectral information of
multi—spectral images. In the actual shooting, due to the limitations of site conditions and protection
requirements, mural spectral imaging data need to be collected quickly. The efficiency of data acquisition
can be improved by using sparse channel imaging methods. However, this method can make the spectral
reflectance curve of pigments appear nonlinear, which can affect the classification accuracy of mural multi—
spectral image. In order to solve this problem, a pigment classification method for mural sparse multi-
spectral images based on spatial spectral combination features is proposed in this paper. The nonlinear
spectral features are extracted by using the hyperbolic tangent activation function in the L.ong Short—term
Memory (LSTM). Firstly, the spectral reconstruction of the mural multi-spectral image is carried out.
Then the one-dimensional spectral vector is input into LSTM, which can actively learn under unsupervised
conditions to reduce the influence of spectral curve nonlinearity on the classification accuracy. In order to
solve the problems of high spatial resolution and strong correlation between adjacent pixels in multispectral
imaging, the linear correction function in Convolution Neural Network (CNN) is used to map the feature
map to nonlinear space. The activation function is added after the convolution operation of each layer to
improve the nonlinear expression ability of the mural multi-spectral image. The spatial spectral unity of
mural multi—spectral images can not be fully utilized, if only spatial or spectral features are used. For this
reason, the multi-scale fusion strategy combining spectral and spatial features is used to eliminate the
influence of spectral nonlinearity and spatial correlation on the classification results. Firstly, a Spatial
Spectral Joint Feature Network Model (SSJF) is established to train pigment samples. Then, the loss
function is designed by cross entropy, and the gradient is updated by back propagation algorithm. Finally,
the softmax classifier is used to output the probability of each pigment. The experimental results show that
the pigments in the paint board and self-made murals can be correctly classified through SSJF. The OA and
Kappa coefficients reached 97% and 0.97, respectively, which effectively improved the pigment
classification accuracy of the sparse multi-spectral image of the mural.

Key words: Mural multispectral image; Pigment classification; Spectral - Spatial unified; Convolutional
neural network; Long short-term memory neural network
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